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(GPP EC ) to photosynthetically active radiation (PAR), and ecosystem WUE (EWUE EC ), defined 
80
Remote sensing estimations of ET also fall broadly into two approaches. The first approach 81 is to estimate ET using physical models based on the surface energy balance (SEB) concept 82 (Gillies et al., 1997) . Several SEB models have been developed in past two decades to estimate between ground-based air temperature (T a ) and satellite-based land surface temperature (LST).
86
The lack of 1:1 correspondence between LST and aerodynamic surface temperature poses a 87 number of difficulties in estimating H (Kustas and Norman, 1996) ET over large areas (Glenn et al., 2007) . The empirical approach directly uses vegetation indices 99 in scaling ET rather than using them to compute several canopy properties to be used as 100 parameters in physically-based models (Bonan, 1993; Glenn et al., 2007 
We used the stepwise selection method to select most significant variable(s). In order to 192 evaluate its potential for providing better estimates of ELUE and EWUE, we also developed 193 predictive relationships for these quantities using the artificial neural network (ANN) technique.
194
The ANN technique employs complex nonlinear transformations and provides the probability of 
where m is a scalar and is determined from the calibration dataset, while EVI scaled and LST scaled 220 are calculated as:
Greenness and Radiation Model

224
The GR model estimates GPP as (Gitelson et al., 2006) :
where m is a scalar and is determined from the calibration dataset. 
Vegetation Index Model
228
The VI model estimates GPP as (Wu et al., 2010) :
Statistical and ANN Models
232
The relationship of GPP EC with EVI and major climate variables (T a and PAR) were 233 analyzed for the calibration dataset to obtain the best predictive GPP estimation (GPP StatMod ) as:
In addition, we also performed ANN using EVI and PAR as predictor variables for 236 estimating GPP (GPP ANN ) as mentioned earlier in section 2.4. respectively, for the model validation dataset (Fig. 3) predicting GPP compared to estimates from most widely used GPP models (GR, TG, and VI) 344 and the standard GPP MOD17 product (Fig. 4) . Similarly, simple statistical and ANN models 345 developed by integrating EVI and PAR provided significantly improved estimates of ET 346 compared to the standard ET MOD16 product (Fig. 5) .
347
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